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Objective Statistical shape modelling (SSM) has established as a powerful method 
for segmenting the left ventricle in cardiac magnetic resonance (CMR) images 
However, applying them to segment the right ventricle (RV) is not straightforward 
because of the complex structure of this chamber. Our aim was to develop a new inter-
modality SSM-based approach to detect the RV endocardium in CMR data. 
Methods Real-time transthoracic 3D echocardiographic (3DE) images of 219 
retrospective patients were used to populate a large database containing 4347 3D RV 
surfaces and train a model. The initial position, orientation and scale of the model in 
the CMR stack were semi-automatically derived. The detection process consisted in 
iteratively deforming the model to match endocardial borders in each CMR plane until 
convergence was reached. Clinical values obtained with the presented SSM method 
were compared with gold-standard (GS) corresponding parameters. 
Results CMR images of 50 patients with different pathologies were used to test the 
proposed segmentation method. Average processing time was 2 minutes (including 
manual initialization) per patient. High correlations (r2>0.76) and not significant bias 
(Bland-Altman analysis) were observed when evaluating clinical parameters. 
Quantitative analysis showed high values of Dice coefficient (0.87±0.03), acceptable 
Hausdorff distance (9.35±1.51mm) and small point-to-surface distance (1.91±0.26mm).  
Conclusion A novel SSM-based approach to segment the RV endocardium in CMR 
scans by using a model trained on 3DE-derived RV endocardial surfaces, was 
proposed. This inter-modality technique proved to be rapid when segmenting the RV 
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1.    Introduction  
The mayor causes of mortality in Europe are cardiovascular diseases with the 47% of 
mortality every year [1]. The relationship between the right ventricular function and a 
number of cardiac diseases (i.e. pulmonary hypertension, congenital heart disease heart 
failure, myocardial infarction) has been confirmed by different works [2-4]. Correct 
diagnosis of these pathologies depends on information given by available cardiac 
imaging modalities. Due to its ability to provide high-quality functional and anatomical 
images in any anatomical orientation, its ability to modulate tissue contrast in response 
to several mechanisms and its non-invasiveness [5, 6], cardiac magnetic resonance 
(CMR) is increasingly used as a standard tool in clinical practice for the evaluation of 
right ventricle (RV) for. Important clinical parameters, such as volumes, stroke volume 
(SV) and ejection fraction (EF) are derived by accurate outlining of myocardial contours 
at end-diastolic (ED) and end-systolic (ES) phase. However, segmenting the RV is a 
difficult task due to different issues: presence of trabeculations (wall irregularities), 
dissimilar shape from the apical to basal level, thin and indistinguishable myocardial 
walls [7, 8]. Consequently, RV border detection is currently performed manually, 
leading to a tedious and time-consuming task, subject to inter- and intra-observer 
variability.   
In the last decade, several methods have been proposed to automatically or semi-
automatically extract cardiac wall borders. More recently, the Right Ventricle 
Segmentation Challenge [9] attempted to propose a standard framework for the 
evaluation of the RV segmentation. The results of the challenge, obtained by testing 
various automatic and semi-automatic detection methods, were summarized and used to 
address different questions concerning the RV detection (i.e. accuracy to be expected, 
2D vs 3D segmentation…). 
Statistical shape techniques have become a popular application for medical image 
segmentation. In this two-step approach, a set of samples is used to train a statistical 
model (SM) to encode the morphology and the statistical variability of a shape. The 
trained SM is then applied and deformed to detect the shape in new unseen images. A 
feature of this approach is that the SM is constrained to deform assuming only 
acceptable shapes seen in the training set. 
Even if model-based approaches (i.e. active shape modelling (ASM) and active 
appearance modelling (AAM) techniques) have been successfully used to detect LV 
borders in CMR scans [10-12], a small number of works used model-based techniques 
to detect RV endocardium [13]. In particular, most of them are based on a joint 
segmentation of LV and RV taking advantage of the relative positions of the heart 
chambers and similar grey levels in blood cavities [14-18]. 
Recently, we developed an inter-modality statistical shape modelling (SSM) 
approach for segmenting the LV. Briefly, 3D surfaces, obtained from real-time three-
dimensional echocardiographic (3DE) data, were used to train the SM [19]. The LV 
cavity was then detected by applying the SM in CMR short-axis (SAX) and long-axis 
(LAX) scans [20, 21]. The use of 3DE images allowed to overcome some limitations of 




- with a high statistical power: the power of a SM depends on the number of 
training samples. In particular, for 3D SMs, the size of the training data is always 
small due to the difficulty of collecting images and to the long time required to 
manually segment them. Consequently, in many works present in the literature 
[10, 22, 23], the SMs are trained on a limited number of samples (less than 100) 
and characterized by a low power. The high temporal resolution of 3DE imaging 
allowed us to overcome this limitation and a large quantity of data were available 
to be used as training samples; 
- with a high resolution: the resolution of the SM is defined by the number of its 
vertices. Training the 3D SM on samples derived from manually traced 2D 
contours on images with anisotropic resolution (slab thickness several times 
larger than the planar resolution) and subsequently interpolated along the third 
dimension [24, 25], reduce the resolution of the SM. On the contrary, the use of 
training samples derived from 3D surfaces obtained from 3DE data avoided the 
need of interpolating and allowed to increase the resolution of the SM; 
- free from morphological artefacts: training samples are derived from 3DE images 
that are intrinsically 3D so avoiding potential slice misalignments due to 
breathing-related motion that could affect the generation of the SM with 
inaccuracies, such as stair-case aliasing [26, 27]; 
- with detailed anatomical information of basal and apical regions: a type of 
information usually not included in the SM [28] due to the problematic 
visualization of these parts in the 2D CMR SAX images. 
 
Based on these considerations and on the positive results obtained by segmenting LV 
myocardial contours with the proposed SSM approach [19-21], we assumed a similar 
inter-modality SSM-based workflow could be developed and used to segment the RV 
blood cavity from a stack of 2D CMR SAX images. Consequently, in this work, an ad 
hoc strategy to train a SM on information included in a new database of RV 3D 
endocardial surfaces is presented, as well as the SSM approach to detect the RV cavity 
in CMR SAX scans and its validation performed by comparing the obtained results with 
those derived from the conventional gold-standard (GS) tracing. 
 
 
2.   Materials and Methods 
Figure 1 shows an overview of the workflow of the proposed SSM-based method to 




Figure 1. Workflow of the proposed segmentation technique to detect the RV border at ED and ES phase 
using a 3D SSM-based approach. The SM was trained using a large database containing real-time 3DE 
data. Segmentation of RV cavities in CMR scans was performed by iteratively deforming the SM using 
simultaneously the information extracted from the CMR stack of SAX images. At the end of the iteration 
process, segmentation results are provided as 2D contours on CMR SAX planes or as 3D meshes 
representing the real expected shape. 
 
2.1   Statistical shape model 
2.1.1   Right ventricular shapes collection 
A clinical cohort of 219 subjects (mean ± standard deviation (SD): age 51 ± 20 years, 
range 8 – 99 years, 65 males; ED volume 122 ± 48 ml; ES volume: 70 ± 43 ml; EF: 45 
± 15%; SV: 52 ± 21 ml), including a majority of normal subjects (n = 181) over a wide 
age range and patients with various pathologies (10 with dilated cardiomyopathy 
(DCM), 5 with congenital diseases and 23 with mitral valve prolapse) was 
retrospectively collected. All subjects underwent 3DE examination for clinical reasons 
at the Centro Cardiologico Monzino, Milano, Italy or University of Chicago, IL, USA 
In both institutions, wedge-shaped sub-volumes were acquired over 4 to 7 consecutive 
cardiac cycles during a breath-hold and with ECG gating using Philips iE33 with X3-1 
probe. Inclusion criterion was the availability of the segmented 3DE data in the hospital 
database, with secondary data use approved by IRB in both centres.  
For each acquired 3DE data, RV endocardial quantification was performed by using 
TomTec Image Arena. Following manual initialization of few points, a triangulated 
mesh, describing the RV endocardium and defined by 1280 faces and 642 vertices, was 
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automatically exported as a surface for each frame of the cardiac cycle (Figure 1), thus 
guaranteeing the anatomical correspondences of nodes belonging to each shape. The 
dataset containing 4347 surfaces corresponding to the RV endocardium, which volumes 
ranged from 20 ml to 261 ml, was used as set to train the RV SM. 
 
2.1.2    Shapes alignment and dimensionality reduction 
The 3D coordinates of the first three vertices (figure 2) in the nodes list 
corresponding to the position of: 
 
- the pulmonary valve (PV) centre; 
- the tricuspid valve (TV) centre; 
- the apex (AP). 
 
were automatically extracted for each 3D surface using an in-house developed software.  
 
 
Figure 2. Example of a RV shape semi-automatically obtained from real-time 3D echocardiographic 
image with a commercial software (Tomtec) and defined by 642 vertices and 1280 faces, with three 
automatically located fiducial vertices corresponding to RV pulmonary valve (PV), apex (AP) and 
tricuspid valve (TV) position. 
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with �� corresponding to the long axis of RV directed from AP to TV, �� defined as the  
orthogonal axis to the plane containing the pulmonary axis 
-*	+)*
|-*	+)*| and ��, �� the 
orthogonal axis to �� and ��. 
Each surface was co-registered to the local reference system of a reference surface 
randomly chosen (figure 3). To include the anatomical variability of RVs with different 
dimensions in the SM, scaling was not performed [29]. 
 
 
Figure 3. Schematization of the alignment of each training shape, performed by rotating and translating, 
with a geometric transformation T, the local reference system O2 (defined by the RV pulmonary valve 
(PV), the apex (AP) and the tricuspid valve (TV) position) to the local system O1 of a reference surface. 
 
The database of aligned shapes was analysed through principal component analysis 
(PCA) to filter and keep only the meaningful information [30]. By averaging the x, y, z 
coordinates of training surfaces, the mean RV endocardial shape �3 was obtained. 
Eigenvectors and eigenvalues (λ), representing the principal modes of variation and the 
variance expressed by each component respectively, were computed from the 
corresponding covariance matrix so that every valid shape included in the database was 
approximated as: 
 
� = 	 �3 + 	��                                                     (2) 
 
with �3 the mean shape obtained from the samples composing the training set, � the 
matrix of principal components (PCs) and � the m-dimensional vector that holds the 
shape parameters, limited to [-3√λ, 3√λ ], [31]. Knowing that most of the variance 
included in the database is explained by a small number of modes, 91 principal modes 
out of 1926 were retained so to limit the variability explained to 99.73% [32]. Figure 4 





Figure 4. Two PCs and their variations expressed as mean shape – 3√λ  (violet), mean shape - 1.5√λ (blu), 
mean shape (green), mean shape + 1.5√λ (yellow), and mean shape + 3√λ (red) and. The first PC was able 
to explain 34.15% of the total variance contained in the training set and about 50% when considering the 
first two PCs. 
 
 
2.2   CMR images 
2.2.1   Population 
A total of 50 patients (58 ± 15 years, range 15 – 86 years, 32 males; ED volume: 138 
± 39 ml, ES volume: 66 ± 29 ml, EF: 53 ± 13 %, SV: 73 ± 26 ml) referred for cardiac 
evaluation at Centro Cardiologico Monzino and diagnosed with ischemic DCM, 
coronary artery disease (CAD) or normal RV function were retrospectively selected and 
included in this study (19 CAD, 12 DCM and 19 healthy).  
For each patient, CMR 2D SAX and LAX (2-ch, 3-ch and 4-ch views) images were 
acquired during consecutive apneas with a 1.5T scanner (Discovery MR450, GE 
Healthcare, Milwaukee, WI, USA) equipped with an eight elements torso coil. The 
following protocol parameters were used: steady-state free precession (SSFP) gradient 
echo sequence with retrospective ECG gating, repetition time 3.2 ms, echo time 1.57 
ms, no gap between slices, slice thickness 8 mm and pixel size from 0.66 to 0.94 mm. 
 
2.2.2   Pre-processing and manual initialization  
Each CMR dataset was visually inspected to select ES and ED frames defined as the 
ones with RV at minimal and maximal size, respectively. To avoid inaccuracies and 
distortions in the final RV endocardial SM, the CMR dataset was pre-processed to 
remove spatial misalignments due to patient’s breath-related motion. Both LAX images 
(2-ch and 4-ch views) were visually assessed in 3D space and their relative position was 
manually adjusted by applying a 3D translation, if necessary. Then, an automatic 
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registration corrected each SAX image position with an in-plane translation, optimizing 
the normalized cross-correlation of intensity profile at the SAX-LAX image 
intersections [33].  
To fit the SM in the CMR SAX stack for segmenting the RV, an initialization step 
was required. Due to the anisotropic resolution of CMR SAX images and an incorrect 
inclusion of a SAX planes in the range of scans to be processed, the initialization step 
was performed by manually selecting anatomical landmarks on LAX planes. In 
particular, 2 points for TV leaflet insertion (from which the approximate position of TV 
centre in CMR reference system was obtained) and 1 for RV AP were selected on the 4-
ch LAX plane (figure 5 top left). Furthermore, 1 point was placed on the 3-ch LAX 
image (figure 5 top right) between the RV and the aorta (RA). From these manually 
placed points, a local reference system for each CMR data was computed similarly as in 
equation (1) and used to derive the initial pose of the SM in the CMR SAX stack. 
The distance between TV and AP was used as apex-to-base distance to scale the 
initial SM and to automatically select the SAX image of the CMR stack to be 
segmented. A better definition of the SAX planes range, to be used to guide model 
deformation, would derive by visually integrating information of a 2-ch LAX image of 
RV, usually not acquired in clinical practice. For this reason, we developed a 3D 
interactive visual interface to correct, if necessary, the range of SAX planes to be used 
for segmentation with a manual correction (figure 5 bottom).  
 
 
Figure 5. Example of the required manual initialization of four points: three on 4-ch LAX image (top left) 
corresponding to apex (AP) and tricuspid valve leaflet insertion (TV1 and TV2) and one point on 3-ch 
LAX plane between the aorta (RA) and the RV (top right). The SAX planes range to be used for model 
deformation is automatically derived from apex-to-base distance and eventually manual corrected with an 




2.3   RV endocardial segmentation  
Prior to the segmentation of the RV endocardium using the proposed approach, a 
fundamental prerequisite was the detection of the LV myocardium as described in our 
works [19-21] so to use the resulting 2D contours to exclude the interventricular septum 
from the RV blood pool detection. 
RV endocardium was segmented by iteratively deforming the SM using 
simultaneously the information extracted from the CMR stack of SAX images. At each 
iteration, the SM was registered to the stack of selected SAX images (figure 6 top left) 
and for each mesh triangle crossing a SAX plane, 2 intersection points were obtained 
(figure 6 top right and bottom). Furthermore, in order to expand the research domain, an 
additional point was automatically added between the so-obtained points.  
 
 
Figure 6. Mean shape registered with the CMR SAX stack of images (top left) and intersections (yellow 
points) between the SM and a SAX image (top right), resulting in an initial RV endocardial contour on 
the original 2D plane (bottom). 
 
Due to the tripartite structure of the RV SM that could intersect with basal SAX 
images generating more than one contour (figure 7 a)), SAX planes with two 
independently intersected contours (figure 7 b)) were first processed with two Gaussian 
kernels (figure 7 c)) of different radii (�: = 20,  �; = 7) and � equal to 100 [7]. In basal 
SAX images, this step allowed separating the two RV lobes so that each of them could 





Figure 7. Example of intersection between basal SAX image and the RV SM (a). If more than one 
intersection contour (yellow points) was detected (b), the image was processed with two Gaussian kernels 
(c) to segment each of the two RV lobes separately. 
 
To explore surrounding regions, the computed model-image intersections were used, 
and different searching strategies were exploited due to the semi-lunar profile of the RV 
on SAX plans. At first iteration, the geometric centre C of all intersections was 
computed, and the points located on the line connecting each intersection with C were 
considered (figure 8 a)). For all the remaining iterations, only points lying on the lines 
normal to the model-image intersection contour were used (figure 8 b) and c)). The 
former investigation approach allowed a first general scanning of the search space 
surrounding the computed model-image intersections while the latter permitted to reach 
insidious regions such as the two extrema points on the interventricular septum junction.  
In both cases, the length of the line was set to 28 mm for apical SAX images, 32 mm for 
SAX images at halfway distance between AP and TV and 36 mm for basal SAX 






Figure 8. Schematization of different strategies to explore the region surrounding the computed 
intersections: at the first iteration, lines (magenta) are computed by connecting each intersection point 
(yellow) to the geometric centre (a); at the second iteration and till the convergence condition is reached, 
lines (magenta) are computed on the base of the normals to the model-image intersection contour (b and 
c). 
 
Pixel intensities of the lines obtained were piled up to create a new 2D image L 
representing the sampled research space (figure 9 a)). The image L does not contain any 
new information but the extracted pixels in a different format for an easier detection of 
the RV endocardium. To avoid possible inclusion of LV myocardium, pixels exceeding 
the interventricular septum were not considered by using information derived from the 
2D contours resulting from the LV cavity segmentation with the developed inter-
modality SSM approach [19-21]. 
To distinguish blood pool from other structures, pixels of image L were classified 
into multiple classes using k-means clustering. The clusters number was determined 
empirically and was dependent on the location of each SAX image in the stack:  
 
- for apical slices, in which the RV cavity is small and borders less visible, 3 
clusters were used to discriminate between blood, myocardium and other 
structures;  
- for basal planes, in which the RV cavity tends to be relatively well-defined 
and homogenous, 5 clusters (two clusters for blood, three clusters for 
myocardium and external structures with lower intensities) were used (figure 
9 b));  
- for middle planes, in which trabeculae are present, 4 clusters were considered 
(two clusters for blood, two clusters for myocardium and external structures). 
 
The clustered image was thresholded on blood clusters and then binarized. 
Morphological filters (i.e. closing, filling, exclusion) were applied to eliminate external 
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structures and isolated pixels so to have white regions representing the RV cavity and 
black regions representing the myocardium, air and other external structures (figure 9 
c)). The RV endocardium (figure 9 d)) was defined as pixels located at the border of the 
white regions (candidate points) and the corresponding coordinates were transformed 
back to the CMR reference system.  
Procrustes analysis [34] was performed using the detected endocardial features to 
update the position of the SM in the CMR SAX stack (figure 9 e)). For each vertice of 
the SM, a weighted displacement vector was obtained. The 3D SM was deformed to 
match simultaneously the position of the candidate points representing the RV 
endocardium and the vector �, holding shape parameters, was updated. Variation of the 
SM were restricted to the range [-3√λ, 3√λ ] of the PCs retained during the SM training. 
 
 
Figure 9. Example of iterative segmentation steps and SM deformation applied to a basal SAX image of 
the RV: a) intensity Image Created By Combining the grey-level profiles of the computed lines; b) k-
means clustering (number of clusters equals to 5); c) binarization by thresholding on blood clusters and 
removal of external structures to have the white area corresponding to the RV cavity; d) RV endocardial 
border (red) identified on the initial image; e) positions of the points representing the segmented RV 
endocardium used to guide the global deformation of the SM. 
 
The deformed model was then re-positioned in the SAX planes and the described 
segmentation process was iteratively performed, until the displacement of the SM 
vertices was less than the planar resolution of the SAX images. When this convergence 
condition was reached, 3D RV volume was computed considering the tetrahedrons 
composing the 3D RV endocardial mesh.  
 
2.4   Validation protocol 
Segmentation accuracy of the proposed approach was assessed on the base of 
different clinical indices, such as RV endocardial volumes (in ml) at ES and ED phase, 
EF (in %) and SV (in ml). Bland-Altman analyses and linear regression were applied 
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between GS and semi-automated derived clinical parameters. To evaluate the 
significance of the bias, a t-test (paired t-test vs. null values) was performed. 
Distance and spatial overlap between 2D contours obtained with the proposed 
segmentation and manual reference ones were invetigated using Hausdorff distance and 
Dice similarity. Point-to-surface distance computed as the 3D distance between manual 
points and the final 3D deformed surface was also evaluated. 
 
 
3.  Results  
Segmentation of RV endocardium with the proposed algorithm was performed with 
an in-house developed software, totally implemented in Matlab (MathWorks). Detection 
of RV cavity was feasible in all selected patients (feasibility: 100%) and it required a 
processing time of around 2 minutes (including manual initialization) per patient on a 
conventional manchine (IntelCore i7, 16 GB RAM, 2.3 GHz). Manual tracing of RV 
endocardium of an entire stack of CMR SAX slices outlined by an expert operator 
required around 5 min per frame from which manually derived RV volumes were 
calculated with the 2D method of discs. 
An example of 2D contours obtained segmenting the RV endocardium on ED CMR 
ECG-triggered images with the proposed approach as well as the resulting 3D surface is 
shown in figure 10. In particular, it is possible to note in the 4-ch LAX plane the match 





Figure 10. Example of the output of the implemented SSM approach: a) 2D semi-automatic contours 
(green) obtained from the model-image intersections after the converge of the SM with the corresponding 
2D contours (red) derived from segmentation; b) 3D RV surface (green) obtained with the proposed 
approach and the 4-ch LAX plane to better appreciate visualization of apex and base RV morphology. 
 
Correlation analysis of RV volumes (figure 11 top left) showed very high correlation 
and slopes (�; = 0.97, slope = 0.98) compared to the conventional manual GS. A no 
significant bias of 8.8 ml was found (figure 11 top right) with Bland-Altman analysis. 
For EF and SV, correlation analysis showed slopes close to 1 but with lower 
coefficients (EF: slope = 0.98, �; = 0.76; SV: slope = 0.89, �; = 0.79) when compared 
to the GS (figure 11 center left and bottom left). Slightly no significant underestimations 
for EF (bias: -2.4 %) and overestimation for SV (bias: 1.5 ml) derived from 3D volumes 
were found (figure 11 center right and bottom right) with respect to the GS. For both 
parameters, acceptable limits of agreements were obtained. 
 
 
Figure 11. Linear correlations and Bland-Altman analyses of RV volumes (top), EF (centre) and SV 
(bottom) derived from the GS and the proposed segmentation (SSM). 
 
In table 1, results expressed as mean (SD) of Hausdorff distance, Dice similarity 
coefficient and point-to surface distance between the manual tracings and the proposed 
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SSM approach are summarized. Briefly, spatial overlap and distance errors between 
manual and semi-automatic contours resulted in a Dice coefficient of 0.88 ± 0.03 for ED 
frame and 0.86 ± 0.03 for ES frame and in a Hausdorff distance of 9.28 ± 1.51 mm and 
9.42 ± 1.52 mm for ED and ES frame, respectively. A mean value of 1.91 ± 0.26 mm 
was obtained when investigating the point-to-surface distance between manual points 
and the final 3D deformed surface. 
 
Table 1. Dice metric, Hausdorff distance (HD, in mm) and point-to-surface distance (p2s, in mm) for RV 
endocardium segmentation with the proposed method and other existing detection methods at ES and ED 
frame. Results are reported as mean (SD). 
 Dice  HD (mm)  p2s (mm) 

















































Zhang et al. [15] - -  - -  
2.13 
(0.39) 
Hautvast et al.  
[49] 





4.   Discussion  
In this work, a new SSM-based method to detect the 3D RV endocardium in CMR 
SAX images was presented. To the best of our knowledge, this is the first inter-modality 
SSM-based technique to train a SM on 3D RV endocardial surfaces obtained from 3DE 
data and apply it to segment the RV endocardium in CMR SAX scans. 
The main contributions and findings of this study can be summarized as follow: (a) 
generation of a SM of the RV using 3D shapes obtained from real-time 3DE data in a 
representation consistent with the organ of interest; (b) fast and accurate segmentation 
of healthy and pathological RV cavities in CMR scans with an inter-modality SSM 
method, requiring a minimal user interaction; (c) segmentation results available as 2D 
contours on CMR SAX planes or as 3D meshes representing the real expected shape; 
and (d) a very good correlation of the proposed SSM approach with the manual GS 
when segmenting the RV endocardium. 
Essential requirements of building a SM are the availability of a large training 
database and knowledge about specific landmarks position on all training shapes. Bai et 
al. [35] showed that for constructing a SM with a high representative statistical power 
more than 100 training shapes are required. We achieved all these requirements by 
training the SM on >4000 3D shapes obtained from semi-automatically segmentation of 
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transthoracic 3DE images. Since its introduction, 3DE has gained more and more 
popularity as a reproducible and an accurate imaging method for RV assessment in 
various conditions [36, 37]. Thanks to different works [38, 39], that provided reference 
ranges for RV volume and function, 3DE is nowadays used in the everyday clinical 
practice. Compared to other imaging modalities that can be used to build a SM such as 
CT [15, 40], 3DE imaging is characterized by higher temporal resolution that allows to 
obtain a larger number of frames over one cardiac cycle and thus a better selection of 
the frame at a particular cardiac phase to be included in the training dataset, if needed. It 
is an imaging modality extensively used in the clinical practice, it is non-invasive, and it 
has no side effects in subjects with implanted devices or metals in their body. Its low 
image acquisition cost gives the possibility to easily expand the training set to different 
patients’ groups. Furthermore, compared to CMR, 3DE is intrinsically 3D and quasi-
isotropic, thus overcoming the limitation of having a low spatial resolution in the head-
to-foot direction, due to the large slice thickness, that implies pixel interpolation to 
obtain a 3D shape to be used as training sample. Using a training dataset composed by 
intrinsically and not interpolated 3D surfaces allowed having a SM with an accurate 
anatomical representation of the RV, in particular at apical and basal levels. 
The proposed inter-modality technique proved to be rapid when detecting the RV 
cavity in CMR SAX scans. A minimal user interaction is required to define the initial 
pose of the SM in the SAX images to segment. Accordingly, a substantial speedup 
versus other fully automatic or semi-automatic algorithms was achieved. Zuluaga et al. 
[41] proposed an accurate coarse-to-fine segmentation strategy in which the RV 
endocardium segmentation in 2D CMR images is incrementally and automatically 
updated with a multi-atlas propagation framework. However, that approach resulted to 
be time-consuming, thus requiring 12 mins to process one patient. Further 
improvements reduced the computational time up to 45s with the semi–automatic 
method presented by Grosgeorge et al. [22] in which a manual-derived 2D RV shape is 
used in a 2D graph cut algorithm with the drawback of a manual selection of 2 points in 
each image. 
Segmentation results with the proposed SSM-based method were available as 2D 
contours on each plane of the stack of CMR SAX images and as an accurate 3D RV 
surface in a joint representation with the LV (figure 12). The segmented 2D contours 
allow computation of important clinical parameters such as volumes, EF or SV using 
the conventional discs-summation method while the 3D RV mesh could be easily used 
into a patient-specific finite element model for cardiac electromechanical simulations or 
surgical planning [42-45].  
For all the evaluated clinical parameters a good correlation with the conventional GS 
was found with the comparison analysis. Acceptable limits of agreement and no 
significant biases were present when comparing volumes, EF and SV derived from the 
3D resulting model to the corresponding GS values. The slight overestimation of RV 
volumes computed from the 3D deformed model could be justified by the impact of 
basal and apical regions in the volume computation. These areas are better defined in 




A comparison of the performance of the proposed approach with previous 
approaches reported in literature for RV endocardium segmentation is reported in table 
1. Our method showed a better accuracy when applying the SM to detect RV 
endocardium in CMR planes in terms of Hausdorff distance, Dice metric and point-to-
surface distance. A slightly higher error in terms of Hausdorff distance was found when 
assessing the RV endocardium at ED phase in comparison to the study of Ringenberg et 
al. [7] and Bai et al. [46]. Despite that, according to the results reported from the all 
compared works [7, 41, 46], the accuracy of RV endocardium segmentation from CMR 
SAX images in the ED frame was higher than in ES frame. This could be due to the 
well-defined RV endocardial contour of the ED phase when the RV is more dilated and 
easier to detected. 
Recently, new techniques for the detection of RV endocardium such as graph search 
or machine leaning algorithms have been presented. In the work of Ghelich Oghli et al. 
[47], RV region and shape information was incorporated into a livewire framework and 
used to semi-automatically segment the RV in CMR SAX images. A deep learning 
algorithm combined with deformable models was proposed by Avendi et al. [48]. 
However, in both approaches, the segmentation is performed on the 2D CMR SAX 
images where basal and apical regions are partially visible. 
 
Figure 12. Example of 3D endocardial LV, epicardial LV and endocardial RV meshes (orange, yellow, 
green, respectively) obtained with the inter-modality SSM approach by sequentially segmenting the CMR 
images at ED phase (a) or at ES phase (b) of a patient with normal RV function. 
 
An intrinsic limitation of this study is the training database used, mainly composed 
of patients with normal RV function. However, the SM was successfully employed to 
detect the RV endocardium in CMR SAX scans of both healthy and pathological 
patients with promising results. Nevertheless, a further extension of the training 
database by including more pathological patients could improve the statistical power of 
the SM as well as the RV endocardium detection performance. 
Another limitation is that the SSM approach was applied to CMR images only at ED 
and ES phase, which are usually utilized to derive global clinical parameters. The 
possibility to extend the segmentation to all cardiac frames will be further investigated, 
so to also obtain regional parameters (i.e. regional curves, thickness and local 
displacement) to assess motion abnormalities of the cardiac wall.  
19 
 
Future improvements consist in reducing the computational time of the RV 
segmentation process by automatizing the initialization step. For example, the starting 
pose of the RV SM could be automatically derived from the manually selected points at 
LV apical and basal levels by taking advantage of the relative position of the ventricular 
chambers. 
In conclusion, we presented a novel inter-modality SSM-based method to detect the 
RV cavity. Training the model with a dataset composed by 3DE-derived RV 
endocardial surfaces allowed accurate detection of the RV endocardium in CMR scans 
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